Abstract
Introduction
The maritime domain is important to the security, prosperity and vital interests of the global community. It supports 90 percent of the world's trade and two-thirds of its petroleum are transported by sea [1] . In order to protect these vital national interests, governments require capabilities that provide situational awareness of the maritime domain, in other words, maritime domain awareness (MDA). MDA is the effective understanding of any activity associated with the maritime environment that could impact upon the security, safety, economy or environment [2] .
Important contributions toward greater MDA have been realized by the information fusion community [3] [4] [5] [6] [7] [8] , but higher level fusion solutions remain elusive. Discovery and understanding of patterns, behaviors, and intentions of vessels of interest, and by extension, their command and control, is crucial to decision makers and maritime operators and analysts in developing courses of action or implementing strategic or tactical operations at sea.
Further, advances in this area will provide important contributions to the emerging area of activity-based intelligence (ABI) [9] , a discipline of intelligence where the analysis and subsequent collection is focused on the activity and transactions associated with an entity, a population, or an area of interest [10] .
In [11] , a spatiotemporal analysis approach is proposed that autonomously analyzes and classifies ship movement and possible intent at sea. The analysis focuses on detection of vessels of interest that exhibit one behavior, paralleling or following behavior. In this paper, we extend this approach by proposing a generalized semantic method that enables consideration of other behaviors of interest. Additionally we conduct a series of simulations using simulated and real AIS data to assess the performance of the algorithm to variation in behavior thresholds.
Methodology

Overview
Our approach, detailed in [11] , can be viewed in terms of three major operations, localization of vessels; detection and identification of vessel behaviors of interest, and measurement of temporal congruence or persistence of vessel behaviors of interest over time. Localization partitions the input spatiotemporal database D, into sets or clusters of vessels within a region of interest that exhibit geographical similarity.
Behavioral templating uses semantic expressions that are encoded to detect and identify vessel behaviors that are of interest. Temporal congruence measures the persistence of a particular behavior of interest over time and makes a declaration of behavior if the behavior is sufficiently persistent.
Spatiotemporal Database
Our method incorporates automated identification system (AIS) position reports that provide a temporal history of vessel position, course over ground, speed over ground and other vessel attributes. AIS was of particular interest for this analysis, but the approach is extensible to other sources of vessel information, including global positioning systems (GPS), maritime navigational radar (MNR) systems, and intelligence, surveillance, and reconnaissance (ISR) systems. The underlying requirement is to acquire spatial data and other vessel information of interest registered to temporal events, like sensor measurements. Fig. 1 portrays the concept of spatiotemporal data in a maritime setting. This can be viewed as a time series representation of vessel position and other companion information (e.g., speed over ground, course over ground, etc.). The input spatiotemporal database used in this analysis is referred to as D. Figure 1 . Spatiotemporal data is comprised of spatial information sampled in time.
Preprocessing
Preprocessing involves accepting data in the sensor output format and filtering and preparing that data for further processing. The available archive of data is filtered first by timestamp to a time period of interest and then by latitude and longitude to a geographic area of interest. Data are then further filtered, as necessary, for other details, such as vessel type or flag of origin, depending on user preferences.
Localization
Localization partitions the spatiotemporal database into clusters of vessels that exhibit geographical similarity.
Given a set of vessel position reports, at a particular time t,
where x j contains position coordinate values (x j , y j ) and N is the number of vessel reports in the database D at time t, we partition the data into k clusters, using the k-means clustering algorithm [12] . Fig. 2 illustrates the localization concept with a small number of vessels. Nine geographically disparate vessels represented by x-y coordinates are mapped to three representative clusters. Localization is performed at each time instance in the time period of interest and the resultant information is stored as a cell array
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where t represents the current time and c 1, c 2,…, c k are k column vectors that contain vessel identities localized to a particular cluster. A cell array construct is required as the columns of t ξ may be of different lengths.
Behavioral Templating
Using a propositional logic-based approach, behavioral templating is used to algorithmically express sets of behaviors that are of interest and detect these behaviors from within the input database, D. These behaviors are defined by the user and are multivariate, Boolean-valued functions of vessel attributes. For example, if an analyst is interested in understanding if particular vessels are under surveillance, an expression like
can be defined, where s(i, j), c(i, j), and d(i, j) are measures of speed, course and distance between the i th and j th vessels in D, respectively; T s , T c , and T d are thresholds of speed, course and distance, respectively; and γ is a binary variable representing the evaluated condition of the expression, i.e., TRUE or FALSE. This semantic expression reflects a query concerning vessels in an area of interest that are sufficiently close to other vessels and are transiting at similar speeds and courses, in other words, a possible surveillance condition. This analysis is implemented through employment of similarity measures. For the case of relative distance, the Euclidian distance is used. For relative speed and course, the L 1 distance is used. Fig. 3 illustrates the application of behavioral analysis for a particular cluster, c 1 , comprised of vessels i, j and k at time t = t 0 . Appropriate distance measures are computed and attributes are compared to predefined thresholds. Behavioral templating is performed at each time instance in the time period of interest and the resultant information is represented as a cell array Figure 3 .
Behavioral templating using semantic expressions to detect behaviors of interest.
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where t represents the current time and 1 φ , 2 φ , …, k φ are column vectors that contain the identities of vessels that behaviorally conform to the criteria expressed by the threshold variables for a particular area of localization and time.
Temporal Congruence Analysis
Temporal congruence analysis (TCA) assesses the degree to which detected behavior persists over time. This is accomplished by evaluating the vectors in Fig. 5 considers three cases that demonstrate evaluation of the congruence metric. In panel a) the vectors or clusters that exhibit greatest membership intersection from t = t 0 to t = t 1 , contain identical vessels and therefore, the congruence metric is identically 1. In panel b) three of the four vessels are contained in the cluster that exhibits greatest membership intersection at t = t 1 and therefore the congruence metric is 0.75. Finally in panel c) two of the four vessels are contained in the cluster that exhibits greatest membership intersection at t = t 1 and therefore the congruence metric is 0.50. Figure 4 . Temporal congruence is measured by comparing a reference vector at t = t k to all vectors containing behaviorally-matched vessels at t = t k+1 . Figure 5 . The degree of similarity between behaviorallymatched clusters is computed using a congruence metric.
Simulation Results
Data Preparation
The behavior detection algorithm is applied to a data set comprised of both actual AIS vessel reports and synthetic data. The actual data set consists of AIS vessel position reports for a 10-hour period in the vicinity of the Strait of Gibraltar as shown in Fig. 6 . The synthetic data, depicted in Fig. 7 , is designed to simulate a convoy of five vessels transiting together from east to west. This convoy, referred to as the reference cluster path, is the blue line shown in Fig. 7 . The synthetic data is combined with the actual data and this combined data set is used to conduct a series of simulations.
Objectives
The objective of the simulations is to observe the formation of clusters centered on the synthetic convoy or reference cluster path and evaluate the influence of the actual AIS ship traffic on this formation. This provides a method to evaluate the performance of the algorithm. The performance metric used is given by 
Simulations Runs
Default behavior thresholds for speed, course and distance are set as follows: T s = 16 knots (kts), T c = 39°, and T d = 8 nautical miles (nm). Simulations are run, keeping two of these parameters constant while varying the third.
In the first simulation, the distance threshold is varied from 1 to 30 nm in increments of 1 nm. The course and speed thresholds are held constant at 39° and 16 kts, respectively. The algorithm is run with these parameters for the 10-hour duration on the combined data set. The time step for the cluster centroid formation (fusion) is 12 minutes (which yields a total of 50 cluster center values for the 10-hour period) [13] .
The second and third simulations are conducted in a similar manner. For the second simulation, the course threshold is varied from 0° to 22° in increments of 0.5° and for the third simulation the speed threshold is varied from 2 to 20 knots in increments of 2 knots.
Observations
The simulation results are presented in Figures 8-10 . Each plot shows the variation of the performance metric ρ versus particular behavior threshold.
The following observations are made concerning these results: (a) the cluster path of the combined data set follows the synthetic ship cluster path closely, see Fig. 7 ; (b) for Figures 8-9 , the plots indicate that the magnitude of the threshold beyond a certain value does not have an impact on performance. For example, the performance saturates for the distance threshold beyond 18 nm; (c) for Figure 10 , the performance metric does not appear to saturate, indicating sensitivity to the magnitude of the speed threshold. 
Conclusions
A generalized behavior detection method for improving maritime domain awareness was presented as an extension to the spatiotemporal clustering algorithm presented in [11] . A propositional logic-based approach, was introduced which allows autonomous detection of vessel behaviors of interest based on natural language description. Additionally, a series of simulations were developed to assess the performance of the algorithm as a function of the distance, course and speed threshold values. The preliminary performance results suggest that variation in the threshold values affects the cluster formation and that performance is more sensitive to the speed threshold value than to the other two threshold values. We remark that the results will enable the user in selecting appropriate threshold values. Our eventual objective is to extend these results to derive optimal threshold values to maximize the algorithm's performance.
